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Abstract. Resilience is meant as the capability of a networked infrastructure to 
provide its service even if some components fail: in this paper we focus on how 
resilience depends both on net-wide measures of connectivity and the role of a 
single component. This paper has two objectives: first to show how a set of global 
measures can be obtained using techniques from network theory, in particular 
how the spectral analysis of the adjacency and Laplacian matrices and a similarity 
measure based on Jensen-Shannon divergence allows us to obtain a characteriza-
tion of global connectivity which is both mathematically sound and operational. 
Second, how a clustering method in the subspace spanned by the l smallest eigen-
vectors of the Laplacian matrix allows us to identify the edges of the network 
whose failure breaks down the network. 
Even if most of the analysis can be applied to a generic networked infrastructure, 
specific references will be made to Water Distribution Networks (WDN). 
Keywords: Network Analysis, Resilience, Water Distribution Network, Cluster-
ing, Spectral Analysis. 
1 Introduction 
Networked infrastructures, as water, energy and transport, have developed similar func-
tional and structural features in their evolution over time: spatial, but also financial, 
constraints have significantly restricted their connectivity, robustness and their capabil-
ity to deliver their service with failed or damaged components, in short their resilience. 
These features have also generated systemic risk and cascading effects exacerbated by 
the complexity of the infrastructure with up to tens of thousands of components (pipes, 
valves, pumping stations, tanks and consumption points). Resilience of a Water Distri-
bution Network (WDN) is about delivering services regardless of disruptive events that 
may occur. Resilience, robustness, reliability and vulnerability are terms strictly linked 
and often confusingly used.  
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We propose a framework based on network theory to address structural analysis of any 
WDN: the growing awareness of the interplay between global (system-wide) and local 
(individual component) resilience have spawned a line of research directly aimed at 
resilience in WDN (Yazdani and Jeffrey, 2012), (Soldi et al. 2015).  
Complex networks are instances of real-world graphs. They include examples such as 
the Internet, social networks, supply networks, metabolic networks, and critical infra-
structures, among other engineered systems. Important characterizations are: small-
world networks (Backstrom et al., 2012), scale-free networks (Barabási et al., 2009) 
and planarity, which typically characterizes road networks, water distribution net-
works, energy grids and general networked flow systems. Another important character-
ization, relevant for resilience, is the community structure (Girvan et al., 2002), mean-
ing that connections are dense among nodes within the same subset (i.e., “community”) 
and sparse among nodes between different subsets.  
1.1 Related Work  
Graph theoretic approaches have been proposed in the literature to address the issue of 
resilience in WDN both in terms of connectivity and service levels (Diao et al., 2016), 
(Shuang et al., 2014), (Archetti et al., 2015), (Candelieri et al., 2017), (Gutiérrez-Pérez 
et al., 2013), (Herrera et al., 2016), (Di Nardo et al., 2018), (Diao et al. 2020). In this 
paper we focus on connectivity, whose analysis in network models offers important 
cues to the design and management of the network even without the need of running a 
hydraulic simulation model. Spectral analysis of networks offers a mathematically 
principled approach yielding both local and global structural information at a compu-
tational cost of O(n3), with n the number of nodes of the network, due to the computa-
tion of eigenvalue and eigenvectors. An innovative perspective on the structural char-
acterization of networks is offered in (Schieber et al., 2017), based not only on averages 
but on distributional properties analyzed by information theoretic models. A related 
approach to the evaluation of resilience, drawn from physics, is provided by percolation 
analysis which evaluates the impact of removing nodes/links from the network in terms 
of how the average length of the shortest paths connecting pairs of nodes increases, to 
the point of bringing to a disconnected network. Monte Carlo (MC) methods are key 
for percolation in complex networks (Chen, 2017) in which several random global dis-
ruption scenarios are analyzed (Torres et al., 2017). A simulation-based model perco-
lation is flexible and can handle several kinds of network failures ranging from a single 
node to a scenario in which a critical fraction of the network components has failed. 
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1.2 Our Contributions 
The main contribution of this paper is a global approach to the characterization of re-
silience in urban water distribution network (WDN). Specific contribution is articulated 
in 3 points: 
• To show how a set of global measures can be obtained using techniques from 
network theory, in particular how the spectral analysis of the adjacency and La-
placian matrices allows us to obtain a characterization of global connectivity 
which is both mathematically sound and operational. 
• To show that considering the analysis of the node-node distance distribution and 
the Network Node Dispersion (NND) (Schieber et al., 2017) can yield additional 
insights on network structural characterization. 
• To show how a graph-clustering method, in the subspace spanned by the l small-
est eigen-vectors of the Laplacian matrix, allows us to identify the edges whose 
failure breaks the network into unconnected components. 
 
The proposed approach has been evaluated on both benchmark and real world 
WDNs, considering breakages on pipes as relevant disruptive events. The structure of 
the paper is as follows: section 2 gives background notions on graph models and net-
work analysis; section 3 describes the measures and tools provided by spectral analysis. 
Section 4 describes the different WDNs used in this study and the relevant results; fi-
nally, in section 5 some conclusions are provided. 
2 Mathematical Background 
2.1 Graph Theory 
Let denote a graph with 𝐺 = (𝑉, 𝐸), where V is the set of nodes and E is the set of 
edges. Each edge of G is represented by a pair of nodes (𝑖, 𝑗) with 𝑖 ≠ 𝑗, and 𝑖, 𝑗 ∈ 𝑉 
and with 𝑛 = |𝑉|and 𝑚 = |𝐸|. If (𝑖, 𝑗) ∈ 𝐸, 𝑖 and 𝑗 are called adjacent nodes. A graph 
𝐺 is undirected if (𝑖, 𝑗) and (𝑗, 𝑖) represent the same edge. A graph 𝐺 is simple if no 
self-loops are admitted (edges starting from a node and ending on the same node) and 
only one edge can exist between each pair of nodes (𝑖, 𝑗), with 𝑖 ≠ 𝑗. The adjacency 
relationship between the nodes of 𝐺 can be represented through a non-negative 𝑛 × 𝑛 
matrix 𝐴 (i.e., the adjacency matrix of 𝐺). The entry 𝑎𝑖,𝑗 of the adjacency matrix 𝐴 is 1 
if 𝑖 and 𝑗 are adjacent nodes (i.e., (𝑖, 𝑗) ∈ 𝐸), and 0 otherwise. Furthermore, 𝑎𝑖𝑗 = 𝑎𝑗𝑖 if 
𝐺 is undirected and 𝑎𝑖𝑗  (entries on the diagonal) are 0 if 𝐺 is simple. 
Let denote with 𝑘𝑖 the degree of the node 𝑖, that is the number of edges having 𝑖 as one 
of the two nodes on the edge 𝑘𝑖 = ∑ 𝑎𝑖,𝑗
𝑛
𝑗=1 . Anyone of the edges having 𝑖 as one of its 
nodes is called incident on 𝑖.  
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 When G is directed, meaning that the order of the two nodes of an edge is relevant 
for its definition, the 𝑘𝑖 can be split into out-degree (number of edges having 𝑖 as first 
node) and in-degree (number of edges having 𝑖 as second node). 
A path in a graph is a sequence of nodes connected by edges the length of the path 
is the number of edges. A connected component is a maximal subgraph when all nodes 
can be reached from every other. 
 The shortest path between 𝑖 and 𝑗 is the one related to the smallest number of arcs 
from 𝑖 to 𝑗, which is usually named distance 𝑑(𝑖, 𝑗). The largest distance among each 
possible pair of nodes in 𝐺 is named diameter. 
A subgraph 𝐺’ =  (𝑉’, 𝐸’) of 𝐺 is a graph such that 𝑉’ ⊆  𝑉 and 𝐸’ ⊆  𝐸; a connected 
component of 𝐺 is a maximal if is the largest possible graph for which you could not 
find another node in the graph that could be added to the graph with all the nodes be 
still connected.. 
A weight 𝑤𝑖𝑗  ≥  0 can also be associated with every edge (𝑖, 𝑗) ∈  𝐸; in this case the 
graph 𝐺 is called weighted and the (weighted) adjacency matrix is a 𝑛 × 𝑛 matrix 𝑊 
having 𝑤𝑖𝑖 = 0, if G is simple, 𝑤𝑖𝑗 ≥ 0 and 𝑤𝑖𝑗 = 𝑤𝑗𝑖  for each 𝑖 ≠  𝑗 if G is undirected. 
In the case of weighted graphs, the previous definitions, related to degree, path and 
diameter, can be modified to consider weights on the edges rather than their number. 
In particular, degree of the node 𝑖 is the sum of the weights of the edges incident on 𝑖 
(out-degree is the sum of the weights of the edges starting from 𝑖, while in-degree is the 
sum of the weights of the edges ending to 𝑖); shortest path between 𝑖 and 𝑗 is the list of 
adjacent nodes from 𝑖 to 𝑗 with minimal sum of the weights on the correspondent con-
necting edges; the diameter is the longed shortest path computed. 
 
2.2 Network Analysis: the basic measures  
The number of edges 𝑚 = 1/2 ∑ 𝑘𝑖
𝑛
𝑖=1 =
1
2
∑ 𝑎𝑖𝑗
𝑛
𝑖,𝑗=1 . 
If 𝑐 is the mean vertex degree, 𝑐 =
1
𝑛
 ∑ 𝑘𝑖
𝑛
𝑖=1  we get 𝑐 =
2𝑚
𝑛
. 
Since the max possible number of edges in G is (𝑛
2
) =
𝑛(𝑛−1)
2
 we can compute the den-
sity of the network as the fraction of edges which are present in the specific graph: 
 
𝑞 =
𝑚
(𝑛
2
)
=
2𝑚
𝑛(𝑛 − 1)
=
𝑐
𝑛 − 1
 
the density is in the range (0,1).  
A pair of nodes is usually connected by many paths which typically share some 
nodes or edges. If they share no edges, they are called edge independent. No shared 
nodes imply vertex independence. The number of independent paths between 2 nodes 
is called connectivity of the 2 nodes. A cut-set, specifically a vertex cut-set, is a set of 
nodes whose removal disconnects 𝑖 and 𝑗. A minimum cut-set is the smallest cut-set. 
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An important concept is the Laplacian matrix of a network 𝐿 =  𝐷 − 𝐴, where A is 
the adjacency matrix and D is a 𝑛 × 𝑛 diagonal matrix with 𝑑𝑖𝑖 = 𝑘𝑖 (Brouwer et al., 
2011). The eigenvalues of L are of paramount importance in assessing the connectivity. 
We number them as 0 = 𝜆1 ≤ 𝜆2 ≤ ⋯ ≤ 𝜆𝑛, so they are not negative. Note that L is 
singular. If we have ℎ different components of size 𝑛1, 𝑛2, … , 𝑛ℎ, then 𝐿 is block diag-
onal and the multiplicity of the zero-eigenvalue is exactly equal to the number of com-
ponents, which in turn implies that 𝜆2 is non zero if and only if the network is con-
nected; 𝜆2 is also called algebraic connectivity. 
Also important in the analysis of resilience are centrality measures, which address 
the issue of the relative importance of nodes/edges. The most widely used measures 
are: 
Eigenvector centrality of the vertex 𝑖, that is 𝑋𝑖 = 𝜑1
−1 ∑ 𝑎𝑖𝑗𝑥𝑗
𝑛
𝑗=1,𝑗≠𝑖 , where 𝜑1 is 
the largest eigenvalue of the adjacency matrix, 𝐴, (aka spectral radius). The eigenvector 
centrality can be large either because the vertex has many neighbors or because has 
important neighbors. Katz centrality and Page Rank algorithm are just parametrized 
version of eigenvector centrality. 
Closeness centrality measures the mean distance from one vertex to the others. Let 
𝑑𝑖𝑗  be the length of a shortest path from 𝑖 to 𝑗, that is the number of edges along that 
path. The closeness centrality is: 𝐶 =
𝑛
∑ 𝑑𝑖𝑗
.  
Betweenness centrality: let be 𝜂𝑠𝑡
𝑖 = 1 if vertex 𝑖 lies on the shortest path from 𝑠 to 
𝑡 and 0 otherwise. Then, betweenness centrality is given by 𝑏𝑖 =
1
𝑛2
∑ 𝜂𝑠𝑡
𝑖𝑛
𝑠,𝑡=1 . 
We can similarly define an edge betweenness that counts the number of shorter paths 
that run along the edges. Upon these indices we can build a first characterization of 
resilience removing the vertex/edge with the highest centrality score until the network 
splits. 
As a basic measure of connectivity, the average degree can provide an immediate in-
formation about the organization of the network. This measure is also linked to the link-
per-node ratio (e), that is computed as the number of edges of a graph with respect to 
the number of its nodes.  
Central point dominance 𝑐𝑏
′ , based on betweenness centrality is a measure for char-
acterizing the organization of a network according to its path-related connectivity; 𝑐𝑏
′ =
1
𝑛−1
∑ (𝑏𝑚𝑎𝑥 − 𝑏𝑖)𝑖=1,…,𝑛  
where (𝑏𝑖) 𝑖s the betweenness centrality of the node i and 𝑏𝑚𝑎𝑥 is the maximum value 
of betweenness centrality over all the n nodes of the network. 
The evaluation of network resilience requires to extend the analysis other structural 
features: the clustering coefficient (CC) is used to characterize the resilience of a net-
work according to loops of length three and is computed as the number of triangles with 
respect to the overall number of possible connected triples, where a triple consists of 
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three nodes connected at least by two edges while a triangle consists of three nodes 
connected exactly by three edges: 
 
𝐶𝐶 =
3𝑁𝑡𝑟𝑖𝑎𝑛𝑔𝑙𝑒𝑠
𝑁𝑡𝑟𝑖𝑝𝑙𝑒𝑠
 
 
In this paper, the open-source software Cytoscape (http://www.cytoscape.org/) has 
been adopted as the basic tool of the analytical framework proposed and its plug-in-
ClusterMaker2 (Morris et al., 2011). 
2.3 Dissimilarity analysis &Network Nodes Dispersion (NND) 
The measures introduced in Section 2.2 are based on distances and their average 
values. Another analysis can be performed also in terms of distributions. This kind of 
analysis has been inspired by the paper (Schieber et al., 2017) which is based on the 
vertex-vertex distance distribution. The first step is to consider a measure of the graph 
heterogeneity through connectivity distances. The shortest path distances between all 
nodes are arranged in the distance matrix 𝑇 = [𝑡𝑖,𝑗], 𝑖, 𝑗 = 1, … , 𝑛. 
The maximum entry of row 𝑖, max
𝑗=1,…,𝑛
𝑡𝑖,𝑗 is known as the eccentricity of node 𝑖. 
The maximum eccentricity among the nodes max
𝑖,𝑗
𝑡𝑖,𝑗is equal to the diameter of the net-
work. 
For each row 𝑖 we compute 𝑝𝑖(𝑗) as the fraction of nodes which are connected to 𝑖 at a 
distance 𝑗 and associate to node 𝑖 the probability distribution 𝑃𝑖  of the r.v. 𝑝𝑖(𝑗). 
The Network Node Dispersion (NND) is given by 
𝑁𝑁𝐷(𝐺) =
𝐽(𝑃1, … , 𝑃𝑛)
log(𝑑 + 1)
 
The Jensen-Shannon divergence of the probability distributions 𝑃𝑖 , 𝑖 = 1, … , 𝑛 is 
given by 
 ∑ 𝑝𝑖(𝑗) log (
𝑝𝑖(𝑗)
𝜇𝑗
)𝑖,𝑗  
where 𝜇𝑗 = ∑
𝑝(𝑗)
𝑛
𝑛
𝑗=1  and is normalized by log(𝑑 + 1) where 𝑑 is the diameter of the 
network. 
 
Considering the distance distribution over the whole graph we obtain the average 
node distance distribution 𝑃(𝐺) with average 𝜇𝐺 . 
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This enables to compute a measure of similarity with another graph 𝐺’ through the 
Jensen-Shannon divergence 𝐽(𝑃(𝐺), 𝑃(𝐺′). 
Then we measure the distance between 𝐺 and 𝐺′ by 
 𝐷(𝐺, 𝐺′) = 𝑤1√
𝐽(𝑃(𝐺),𝑃(𝐺′))
log 2
+ 𝑤2 |√𝑁𝑁𝐷(𝐺) − √𝑁𝑁𝐷(𝐺′)| 
with 𝑤1 +  𝑤2  =  1. 
This distance is different than the one used in Scheiter (2016) which has a third term 
which takes into account the centrality measures of each node and its connectivity span. 
We use instead the set of centrality related measures introduced in 2.2. 
3  Spectral Clustering  
Given two sets of nodes 𝐶1 and 𝐶2, an n-dimensional vector 𝑧 i.e., n is the number of 
nodes in the graph) is used to represent the association of each node to cluster 𝐶1 or 𝐶2  
𝑧𝑖 = {
+1 𝑖𝑓 i ∈ 𝐶1
−1 𝑖𝑓 i ∈ 𝐶2
 
The graph clustering problem can be formulated as the minimization of the following 
function 𝑓(𝑧): 
𝑓(𝑧) = ∑ 𝐿𝑖𝑗(𝑧𝑖 − 𝑧𝑗)
2 = 𝑧𝑇𝐿𝑧
𝑥𝑖,𝑥𝑗∈𝑉
 
where 𝐿𝑖𝑗  are the entries of the Laplacian matrix. 
The important feature of spectral clustering methods is that the produce a set of bal-
anced clusters. An elegant solution, conceptually simple but computationally ineffi-
cient, to the problem was proposed in (Fiedler, 1973) which identified the 2nd smallest 
eigenvector of the Laplacian matrix (usually known as Fiedler vector) as the vector p 
which provides the optimal bi-partitioning of the graph. Early applications of this result 
have permitted to implement recursive bi-partitioning spectral clustering approaches 
(Hagen and Kahng, 1992) to perform partitioning in 𝐾 > 2 groups. However, this ap-
proach requires the computation of matrices, eigenvalues and eigenvectors, for each 
sub-graph until the desired number of clusters is reached. More effective computational 
schemes are analyzed in (Luxburg, 2007) and use a data representation in the lower 
dimensional space spanned by the most relevant eigenvectors. Our approach in this 
paper consists in ranking in descending order the eigenvalues 𝜑1 ≥ 𝜑2 ≥ ⋯ ≥ 𝜑𝑛 of 
the adjacency matrix. If the user sets the desired number of clusters as k, k-means clus-
tering is performed on the resulting dataset having n rows (nodes of the graph) and k 
columns (eigenvectors corresponding to the k largest eigenvalues of A). If a suitable 
value of k is not known the implementation in Cytoscape ClusterMaker2 computes the 
ratio 
𝜑𝑖
𝜑𝑖+1⁄ , 𝑖 = 1, … , 𝑛 − 1 and picks as 𝑘 the smallest integer 𝑖 such the ratio than 
1+ε (in the computation reported in Section 4, 𝜀 = 1.02). 
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4 Experimental Setting 
4.1 The Network Models 
In this section 4 WDNs are analyzed. The first WDN is a benchmark model often 
used in different studies on WDN management, namely “Anytown”1. The associated 
graph consists of 22 nodes and 43 links. 
Marnate is a small town in Northern Italy, with an associated graph consisting of 
384 nodes and 469 edges. 
Neptun is the WDN of the Romanian city of Timisoara, with an associated graph of 
333 nodes and 339 edges, analyzed in the European project Icewater. 
Abbiategrasso refers to a pressure management zone in Milan (namely, Abbiate-
grasso) with an associated graph consisting of 1212 nodes and 1385, analyzed in the 
European project Icewater. 
In analyzing WDNs one must consider that most of the end-users are supplied by 
single connections. To avoid a bias in the analysis, a preliminary preprocessing can be 
performed by cutting the final connections, that are usually the links between the con-
sumption meters of each building and the main distribution pipes. 
4.2 Computational results 
The characteristic path length is the average number of edges along the shortest path 
for every possible pair of nodes (𝑖, 𝑗). 
Table 1. Structural Analysis of four WDNs 
Measure Anytown Marnate Neptun Abbiategrasso 
Density (q) 0.186 0.006 0.005 0.001 
Link-per-node ratio (e) 1.954 2.443 0.992 1.156 
Central point dominance (cb’) 0.230 0.189 0.476 0.303 
Clustering coefficient (CC) 0.303 0.007 0.000 0.004 
Diameter 7 35 82 83 
Characteristic Path Length 2.761 21.696 30.226 31.233 
 
Anytown looks rather more like a “No-town” network, with structural properties far 
from those of the real WDNs. The three real-world WDNs analyzed are very sparse 
(with density 𝑞 lower or equal to 0.006) with respect to Anytown (density q around 
0.2). The central point dominance 𝑐𝑏′, instead, is quite similar among all the four WDNs 
taken into account. The clustering coefficient 𝐶𝐶, diameter d and characteristic path 
 
1 http://emps.exeter.ac.uk/engineering/research/cws/resources/benchmarks/expansion/any-
town.html 
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length are quite similar among the three real WDNs and different from those computed 
on Anytown: the three real-world WDNs are effectively planar and “almost” regular. 
 
Table 2. Spectral Analysis of four WDNs 
Measure Anytown Marnate Neptun Abbiategrasso 
Spectral Gap 1.5149 0.0838 0.0149 0.2132 
Algebraic Connectivity 0.1708 0.0046 0.0009 0.0002 
  
The spectral gap is the difference between the two largest eigenvalues of the Laplacian 
matrix. The algebraic connectivity is the value of 𝜆2. 
The spectral analysis shows that the 3 real world WDN have relatively similar values 
and again quite different from Anytown. 
Table 3. Dissimilarity of four WDN 
Measure Anytown Marnate Neptun Abbiategrasso 
Anytown 0.000 0.670 0.700 0.770 
Marnate 0.670 0.000 0.335 0.681 
Neptun 0.700 0.335 0.000 0.617 
Abbiategrasso 0.770 0.681 0.617 0.000 
  
Anytown is different from the others and the difference is captured quite naturally. 
Marnate and Neptun are quite similar and different from Abbiategrasso. Actually, Nep-
tun and Marnate have grown out of autonomous urban water distribution networks, 
constrained in their development by technological and physical constraints. Abbiate-
grasso is a subnetwork – specifically a Pressure Management Zone – carved out of the 
whole water distribution network of Milano for administrative reasons and management 
strategies. This structural difference is captured by the dissimilarity measure. 
4.3 Clustering 
Graph clustering approaches, such as Spectral Clustering, can be used to identify the 
specific links (pipelines) whose removal may induce a disconnection of the network in 
two or more sub-networks. In this paper, Spectral Clustering has been performed 
(through Cytoscape’s Cluster plug-in named ClusterMaker2) to identify sub-networks 
connected by a limited (minimal) number of links, that are pipelines whose breakage 
implies the disconnection of some WDN portion. In the following figures these pipe-
lines are highlighted; it is important to note that breakages must occur, at the same time, 
on all the different red edges to imply a hydraulic disconnection. Breakages affecting 
only one pipe may imply a reduction in the supply service or generate a “stress” condi-
tion on the hydraulic infrastructure. A software simulation of the damaged network may 
be used to evaluate the induced scenario. 
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Fig. 1. Anytown (k=3): Critical edges (red) whose removal generates a disconnection 
and (right) resulting disconnected components. 
 
 
 
Fig. 2. Marnate WDN (k=3): Critical edges (red) whose removal generates a discon-
nection. 
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Fig. 3. Neptun WDN (k=2): Critical edges (red) whose removal generates a disconnec-
tion. 
 
 
Fig. 4. Abbiategrasso WDN (k=3): Critical edges (red) whose removal generates a dis-
connection. 
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According to results of Spectral Clustering, the disconnection in two sub-networks 
is reported for the Marnate WDN, while the disconnection in three sub-networks is 
depicted for both Bresso-Cormano-Cusano and Abbiategrasso WDNs. More in detail, 
respect to Anytown, Spectral Clustering is not able to provide a bi-partitioning of the 
WDN in a reasonable time, mainly due to the high connectivity of the water network. 
Moreover, the disconnection in three different sub-networks may occur only by the 
simultaneous breakage of many pipelines. 
5 Conclusion 
In this paper the use of network analysis for the evaluation of resilience in a urban 
networked infrastructure has been proposed. 
The application to three WDNs from two different projects and one of benchmark 
has permitted to define the main measures and their characteristic values for real world 
WDNs, taking into account also previous results reported in the literature. 
While general measures have been used in order to evaluate and compare connec-
tivity and resilience of the WDNs considered, the application of spectral clustering has 
permitted to identify the most critical hydraulic pipelines whose breakage imply struc-
tural disconnection and consequent failure of the distribution service (vulnerability). 
A further layer of analysis that can be added consists in joining the network analysis, 
in the abstract graph setting, and hydraulic simulation, provided for instance by 
EPANET. The set of resilience indices based on network analysis, and adopted in this 
paper, continues to measure how the failure of a single component impacts the connec-
tivity while the simulation of the damaged network provides a measure about how a 
damaged component impacts the service level still offered by the WDN. 
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